Wireless localization for mobile device has attracted more and more interests by increasing the demand for location based services. Fingerprint-based localization is promising, especially in non-Line-of-Sight (NLoS) or rich scattering environments, such as urban areas and indoor scenarios. In this paper, we propose a novel fingerprint-based localization technique based on deep learning framework under commercial long term evolution (LTE) systems. Specifically, we develop a software defined user equipment to collect the real time channel state information (CSI) knowledge from LTE base stations and extract the intrinsic features among CSI observations. On top of that, we propose a time domain fusion approach to assemble multiple positioning estimations. Experimental results demonstrated that the proposed localization technique can significantly improve the localization accuracy and robustness, e.g. achieves Mean Distance Error (MDE) of 0.47 meters for indoor and of 19.9 meters for outdoor scenarios, respectively.
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I. INTRODUCTION
Localization has been identified as one of the most popular applications in the modern society, especially when massive amounts of devices are connected with each other [1] . Various types of services, including autonomous driving [2] and indoor navigation [3] , [4] , require high resolution localization information in outdoor and indoor environments, which motivates continuous research interests in recent years [3] - [5] . Although Global Navigation Satellite Systems (GNSSs), such as Global Positioning System (GPS), can provide continuous localization information in the outdoor environments, the performance degradation usually happens when the satellite signals are blocked, e.g. in some urban canyons and indoor environments [3] , which triggers the effort to support cellular-based localization techniques.
Several cellular network positioning techniques have been considered in Release 9 of the 3rd Generation Partnership Project (3GPP) document such as Observed Time Difference Of Arrival (OTDOA) and Enhanced Cell ID (E-CID). Radio Frequency (RF) fingerprint methods are also included in LTE Release 9 due to no additional standardization and good resistance to NLoS environments [6] . RF fingerprint methods contain two phases, where a fingerprint map was generated offline during the training phase, and an online location estimation algorithm was performed based on real time fingerprint measurements. The Received Signal Strength Indicator (RSSI) or Reference Singal Received Power (RSRP) messages are usually considered as location fingerprint due to its easy access to the terminals. However, the RSSI/RSRP based localization often suffers from wireless fluctuation due to the potential shadowing or signal blockage effects, and the overall localization accuracy is limited [7] . To overcome this limitation, the CSI has been proposed as a suitable candidate for fingerprint information [8] , especially in the wide band system such as WiFi. Another critical condition for the practical deployment of localization schemes is the fast online matching algorithm, where K-nearest neighbor (KNN) [3] , weighted K-nearest neighbor (WKNN) [9] and support vector machine (SVM) [10] are commonly adopted. Although the above unsupervised learning approaches provide reasonable online matching delay, the localization accuracy as well as the robustness performance is in general limited [8] .
In this paper, to address the above issues, we propose a novel fingerprint-based localization technique based on deep learning framework under commercial LTE systems. Specifically, we develop a software defined user equipment to collect the real time CSI knowledge from LTE base stations and extract the intrinsic features among CSI observations. On top of that, we propose a time domain fusion approach to assemble multiple positioning estimations. Experimental results show that the proposed approach can significantly improve the localization accuracy and robustness if compared with traditional online positioning algorithms. The main contributions of this paper are summarized below.
• Improved Accuracy with Deep Learning Since the traditional matching algorithm is difficult to represent the mapping relation between the high-dimensional CSI fingerprint and the instantaneous terminal position, we approximate this relation through deep neural networks (DNN). With some field trial measurement results, the localization accuracy MDE can be improved quite significantly, e.g. from 1.31m to 0.47m and from 90.9m to 19.9m for indoor and outdoor environments, respectively, compared with KNN. • Robust Design with Temporal Fusion As the timevarying nature of CSI, we also propose a time domain fusion approach that can capture the temporal correlation of different CSI samples. By eliminating the microscopic fluctuations of CSI samples, the extracted temporal correlation information can greatly improve the robustness performance in terms of the maximum distance error, e.g. from 3.19m to 1.15m and 297m to 64.8m for the indoor and outdoor scenarios, respectively. The rest of the paper is organized as follows. In Section II, we present the mathematical model of fingerprint-based localization system and formulate the localization problem in Section III. The deep learning based localization approach is explained in Section IV and the corresponding performance is verified in Section V. Finally, we conclude this paper in Section VI.
II. SYSTEM MODEL

A. System Configuration
We consider a downlink LTE frequency division duplexing (FDD) system as shown in Fig. 1 (a) , where a softwaredefined terminal (SDT) is connected to the commercial LTE base station. The SDT, consisting of a laptop and a universal software-defined radio peripheral, performs the standard receiving process defined in 3GPP LTE Release 10 [11] . Based on measuring reference signals, the instantaneous CSI can be obtained through the conventional channel estimation procedures.
The fingerprint-based localization can be roughly divided into two phases, the map generation phase and the location inference phase as shown in Fig. 1 (b) . In the map generation phase, the SDT collects different CSI values at different Reference Points (RP) to establish the initial CSI database and the deep learning algorithm based on DNN architecture is applied to extract the underlying features. Through this approach, we can obtain the fingerprint map using the extracted features and their corresponding RPs. In the location inference phase, the SDT collects real time CSIs and passes through this offline trained DNN to predict the user's location. 
B. CSI Models
Without loss of generality, we consider a resource element (RE) layout in the typical LTE subframe as shown in Fig. 2 , where each (RE) corresponds to a subcarrier spacing of 15KHz in the frequency domain and an OFDM symbol duration of 66.7µs in the time domain [11] . Following the standard LTE terminology, a resource block (RB) spans 12 consecutive subcarriers over a slot duration of 0.5 ms and the CSI knowledge is only estimated in the RE where cell reference signal (CRS) 1 is available.
Given the location L and the time slot t, the CSI knowledge from the n th transmit antenna at the i th subcarrier, h n i (L, t) ∈ C, is given by,
where |h n i (L, t)| and θ n i (L, t) denote the amplitude and phase information of the CSI h n i (L, t), respectively, and j stands for the imaginary unit. Since the phase information usually contains random jitters and noises due to the imperfect hardware components, and cannot be directly used without calibration [4] , we rely on the amplitude information as the fingerprint information. For illustration purpose, we assemble all the estimated CSI at the location L and the time slot t together, and the overall channel matrix, H(L, t) ∈ R Nt×Nc , is given by,
where N t and N c denote the total number of transmit antennas and CRSs, and CRS k denotes the subcarrier index of the k th CRS. The pathloss component, H(L), is obtained by averaging the instantaneous CSI magnitude, H(L, t), over sufficiently 
where H(L m ) is the average fingerprint readings at location m. And theL m is estimated location according to mapping function g(·) and signal fingerprint H(L m ). Therefore, the goal of localization system is to find the best mapping function that minimizes the difference between the estimated location and measured location. However, due to the time-varying nature of CSI knowledge in the practical environment and the potential fluctuations of CSI amplitudes as shown in Fig. 3 , relying on the averaged value may lose some important information that can help to improve the localization accuracy. Therefore, in this paper, we collect the multiple CSI samples and estimate the location by identifying relation between them. It's worth noting that the dimensionality of CSI can be very high in the case of cellular networks with large bandwidth and multiple antennas. So it is difficult to directly find the relationship between multiple CSI samples. Inspired by data fusion of [12] , we map the relation between multiple CSI samples to the relation between multiple positions estimated by single CSI sample snapshot, which can be understood as dimension reduction and feature extraction. Then a time domain fusion approach is used to assemble multiple positioning estimations. The whole estimation process can be expressed aŝ
whereL ti m is the estimated position according to fingerprint snapshot H(L m , t i ) and mapping function g 1 (·).L m is the final estimated position according to multiple positions {L ti m , t = 1, 2, · · · , s} and fusion method g 2 (·).
III. PROBLEM FORMULATION
We divide the whole localization process into two steps: localization based single CSI fingerprint snapshot and multiple positions fusion. In the localization process, MDE is often used to describe the localization accuracy, where the corresponding mathematical expression, after averaging over M localization periods, can be written as 1
Hence, we can model the localization process as two problems: slot-based localization and time domain fusion by using MDE minimization as follows Problem 1 (Slot-based Localization):
,
Problem 2 (Time Domain Fusion):
where A denotes the feasible localization areas. Obviously, the above minimization is over all the possible functions of g 1 (·) and g 2 (·), so the solution is generally difficult to obtain. The functions g 1 (·) and g 2 (·) have many heuristic proposals, such as KNN [3] and WKNN [3] for g 1 (·) and MUltiple Classifiers mUltiple Samples (MUCUS) [13] and sliding window aided mode-based (SWIM) [14] for g 2 (·). However, different from traditional fingerprints (such as RSSI/RSRP), the CSI based fingerprint incurs high dimensional nonlinear signal processing for feature extraction, where the classical models can not be applied [15] .
IV. DEEP LEARNING SOLUTIONS
In this section, we propose to use deep learning based schemes to model the slot-based localization function g 1 (·) and the time domain fusion function g 2 (·). Therefore, we rely on two stage cascaded neural networks, namely slotbased localization network (SLN) and fusion network (FN), as shown in Fig. 4 , to generate the intrinsic relations between measured CSIs and locations in the field trial experiments, where the detailed illustrations are as follows 2 . Figure 4 : The architecture of proposed deep neural networks, which consists of SLN and FN. Table   Table   0 1 
A. Neural Network Architecture
To extract the features, we apply the multi-layer perceptron (MLP) methods [16] for both SLN and FN to utilize the supervised learning. As shown in Fig. 4 , the input of SLN is single fingerprint snapshot H(L m , t i ). The output of SLN are the probabilities p = [p 1 , p 2 , · · · , p m ] with respect to each RP and the general solution for localization is directly picking up the location with the largest probability. To improve the localization accuracy, we use weighting methods to estimate location, which can written asL ti m = M m=1L m × p m . The input of FN is the multiple positions {L ti m , t = 1, 2, · · · , s} estimated by SLN according to s time-continuous fingerprint snapshots. In each hidden layer, we use the rectified linear unit (ReLU) [17] as the activation function, and in the output layers, softmax and linear are applied as the activation functions for SLN and FN, respectively. The loss functions for SLN and FN are Cross-Entropy (CE) and Mean Squared Error (MSE), which can be written as L SLN = − Table I .
B. Training Data Sets
We pre-define M reference points (RPs) in the target area and record the CSI variations at each RP for a period of time.
Through this approach, we have M locations {L m } and the corresponding measured CSIs {H(L m , t)}, which can be used as supervised information to train the SLN. Once the training of SLN is finalized, we can use the trained network to model g 1 (·) and obtainL ti m for the m th period according to (3) . Together with M locations {L m }, we have the training data sets for FN.
V. EXPERIMENTAL RESULTS
In this section, we provide some numerical examples to verify the effectiveness of proposed localization methods by comparing with existing fingerprint based localization scheme in the indoor and outdoor environments. In the indoor scenario, a 3.6m × 6m rectangular area containing 15 RPs is covered, and in the outdoor scenario, the field trial measurements are performed in the campus of Shanghai University with a roughly 360m × 195m suburban area with 105 RPs. The RPs for the fingerprint map generation are uniformly distributed with interval 1.2m in the indoor case and along the moving trajectory with interval 5m in outdoor case, respectively, and the testing points (TPs) are randomly selected as shown in Fig.  5 . The CSI is measured from a commercial base station served by the operator China Telecom. The cumulative distribution function (CDF) of the localization errors is used to evaluate the performance of the proposed fingerprint localization system. A. Indoor Environment Fig. 6 shows that the SLN based on fingerprint snapshot and deep learning has a certain improvement in accuracy compared with the traditional method KNN in indoor scenario. But they both have a poor robustness in terms of maximum distance error, which is caused by fluctuation of CSI fingerprint. The accuracy and robustness of system both have a significant improvement by combining SLN and time fusion algorithm FN. More precisely, the MDE and the maximum distance error for the proposed localization scheme SLN+FN can be reduced to 0.47m and 1.15m, respectively, which is nearly three times better than the traditional KNN approach.
B. Outdoor Environment
The CDF of distance errors for different localization schemes in the outdoor environment is provided in Fig. 7 , where the absolute values of the MDE and the maximum distance error are much higher due to channel fluctuation and larger coverage area. However, the proposed localization scheme SLN+FN provides more than four times better in the MDE performance, e.g. from 90.9m to 19.9m, and in the maximum distance error performance, e.g. from 295m to 64.8m, compared with KNN. In addition, if compared with the SLN, the SLN+FN also offers more accurate and robust localization results.
VI. CONCLUSION
In this paper, we utilize field trial experiments to investigate the feasibility of fingerprint based localization using real time measured CSI knowledge from commercial LTE base stations.
In particular, a two stage deep learning based method is proposed to extract the intrinsic features and conduct time domain fusion. Preliminary results demonstrate that the proposed localization technique can achieve the MDE of 0.47m and 19.9m, and the maximum distance error of 1.15m and 64.8m in indoor and outdoor environments, respectively.
